Abstract-CoMP transmission gains attraction for future releases of LTE-Advanced specifications. It is considered for downlink cochannel interference mitigation of OFDMA systems operated at full frequency reuse. However, channel knowledge at the transmitter side will be required, where its usability reduces over time, even under quasi-static mobility. This work studies the range of performance degradation caused by channel aging and delayed utilization for the purpose of joint zero-forcing precoding from a subset of base stations. We demonstrate that channel prediction significantly improves the CoMP performance: There is hardly any difference between ideal and delayed feedback when utilizing prediction filters in low mobility regime.
I. INTRODUCTION
Cooperative transmission from multiple base stations (BSs) in the multi-cellular system is known to reduce the effects from cochannel interference (CCI). Despite the fact of using zeroforcing (ZF) beamforming, practical systems will always suffer from intra-cluster interference. There is a variety of reasons which destroy the inter-user orthogonality: Channel estimation and quantization, channel aging effects and synchronization errors of multiple BSs. In practical systems, there is always a delay between the channel estimation at the mobile terminal, the feedback of channel quality indicator (CQI) and CSI and the time instant when this estimate is used for composing the following downlink transmission, refer to Fig. 1 . As the channel may change during this delay time, the channel observation may be outdated for precoding the next transmission. [1] provides a characterization of the channel evolution due to this aging process for point-to-point MIMO links. However, it assumes equal channel gain for all the links, which is not appropriate for joint transmission (JT) coordinated multi-point (CoMP). In addition, user equipments (UEs) may provide feedback information within a certain interval.
In [2] we focused on synchronization. The contribution of this work is to evaluate the effects caused by channel aging. Therefore, we will describe our system model in sections II and III. Second, we introduce a mismatch between the ideal channel and its estimated or delayed version by evaluating the corresponding relative mean square error (RMSE). Section IV therefore assumes an zero mean additive white Gaussian noise (AWGN) error distribution with different variances μ. In section V, we will study different liner channel prediction methods and their performance in an isolated MIMO link. The overall performance evaluation, including precise modeling of channel time evolutions, is carried out in section VI. 
II. DOWNLINK SYSTEM MODEL
By exploiting channel adaptive spatial precoding we can actively reduce the interference inside a cluster of cooperating BSs, denoted as CoMP transmission. We consider a cellular OFDM downlink where a central site is surrounded by multiple tiers of sites. We assume each site to be partitioned into three 120
• sectors, i.e. a set M consisting of M = |M| sectors in total. Each sector constitutes a cell, and frequency resources are fully reused in all M cells. M c represents the set of cells included in a given cluster and M c = |M c | denotes its maximum dimension. In order to reduce the overhead for pilots and signalization data, we focus on rather small clusters with up to 3 up to 10 BS sectors. We assume disjoint clusters, i.e. a given BS cannot belong to more than one cluster operated at the same time/frequency resource. For OFDM systems, the overlap of multiple clusters can be achieved conveniently in the frequency domain. Joint processing is only allowed between BSs belonging to the same cluster, where BSs outside the cluster are not coordinated and thus cause residual intercluster interference. Furthermore, dynamic clustering allows a more efficient power allocation. Mobile users experiencing a weak channel to a given cluster are assigned to another BS cluster [3] .
Each cluster selects a set of active users K c following a specific scheduling metric. In the c-th cluster, there are M c BSs, each one equipped with N t transmit antennas, while the K c = |K c | users are equipped each with N r receive antennas. The users inside the cluster are served by signals jointly emitted from M c N t transmit antennas, where
The For further analysis, we assume the c-th cluster is surrounded by M −M c BSs evoking non-coordinated CCI. Thus, the received downlink signal y k,t for t ∈ T s,k ⊂ T s at user k in the cellular environment is given by
The desired t-th data stream x c,t transmitted to the k-th user from the c-th cluster is distorted by the intra-cluster and inter-cluster interference plus noise aggregated in ϑ k,t and z k , respectively. H c,k spans the N r × M c N t channel matrix for user k formed by the c-th cluster and p c,t is its power allocation valid for the t-th data stream. Thus, ϑ k,t denotes the interference generated within the cluster. The N r × 1 vector n denotes the AWGN samples with covariance E nn H = Iσ 2 n . The noise power consists of the receiver noise figure and the thermal noise power.
The achievable signal-to-interference-and-noise ratio (SINR) is estimated at each UE, according to
with w k,t being the combining weights at the k-th receiver and for data stream t.
III. TIME-VARIANT SYSTEM MODEL
In order to describe the effect of outdated channel knowledge, we extend the above system model description from (3). We define x c,t (n) as the data symbol to be transmitted on the downlink and H c,k (n) as the MIMO channel matrix at time instance n. [B c,k ] :,t (n − τ ) denotes the precoding matrix used at time n but based on a τ -old estimate of the channel. Let us assume the precoder to follow a ZF constraint, which can be obtained using the Moore-Penrose pseudo inverse in case of MISO CSI feedback
The total transmit power is equally distributed among all active data streams, while we maintain a per antenna power constraint (PAPC) by using a simplified solution from [4] . The transmit power per antenna is chosen according to the row element in B c with highest norm.
In addition, we may define a difference matrix [Δ k ] :,t (n, τ ) that relates the τ -old channel inverse with the current precoder
The received signal y k,t (n) at the discrete time index n is given by (1) and the equalized signal after ZF precoding simplifies to (2) From Eq. (2) it becomes obvious that the feedback delay τ causes a time-variant change in the desired channel vector h k and causes intra-cluster, i.e. inter-user, interference ϑ k,t depending on the column vectors [Δ k ] :,j (n, τ ) from matrix Δ k (n, τ ), as it breaks the inverse relationship between the channel and the precoder. 
IV. MODELING IMPERFECT CSIT
In general, we may describe the mismatch between the ideal channel and its estimated or delayed version by evaluating the corresponding RMSE.
To ease comparison of results across different channels, we normalize the mean square error (MSE) by the average channel power. In this following, we evaluate the system level performance of CoMP transmission using multi-user eigenmode transmission (MET) [5] , [6] and a dynamic cluster selection and a round-robin scheduling metric for active UEs [7] . Therefore, we assume each UE to decompose its MIMO channel matrix into its dominant eigenspaces, where only the dominant one is used for feedback. In particular, we use CSI feedback from UEs and add a zero mean i.i.d. AWGN term with variance μ, according to (6) per subchannel. This nonperfect CSI is used at the BSs to calculated the ZF precoding solution.
The erroneous feedback results in a more severe degradation with increasing cluster size. Finally, we increase the cluster size from M c = 1 up to M c = 10. Fig. 2 depicts the resulting Shannon information rate per sector as a function of the cluster size M c and accuracy of CSI feedback, i.e. in case of error free and erroneous channel feedback. From this figure it is obvious that an RMSE of μ = −10 dB would restrict the useful cluster size to M c = 3. In essence, the CoMP gains as function of the cluster size show less saturation behavior for improved multi-cell channel knowledge. Concluding, we observe that the median sector spectral efficiencies are increased by 220%, 300% and 430% for coordinating 3, 5 and 10 cells for error free CSI feedback, respectively. These numbers are reduced to 190%, 230% and 300% in case of erroneous feedback with an MSE of μ = −20 dB.
V. PREDICTING THE CHANNEL EVOLUTION
In the next section, we want to characterize the range of channel degradation using different linear channel prediction filters. Therefore, let us define h 11 c,k to be the 1st sub-channel coefficient of a MIMO channel matrix H c,k . Further assume, h 11 c,k (n) being a row vector with the last p observations of the channel frequency response, i.e.,
Then the predicted channel response at time instant n + α is given asĥ
The optimal weight vector which minimizes the MSE follows from the solution of the normal equations [8] , and is given as
with σ 2 est being the estimation error variance 1 , and
and
In (12) we use the sample autocorrelation function (ACF) [8] , [9] to estimate the ACF over the last M ≥ α + p samples of the channel response. If not stated different, we use M = 100 and p = 20 throughout this work, and solve Eq. (9) at every time instant. Even though the linear system (9) may be solved with computational complexity O(p 2 ) using the LevinsonDurbin recursion [10] , this approach has comparable high computational complexity and memory requirements.
Therefore, we also evaluate well-known adaptive algorithms, namely normalized least-mean-squares (NLMS), and recursive least squares (RLS) [11] . For the latter, we chose the QR-decomposition (QRD) based implementation since it has superior numerical properties in finite precision. Note, that there exist fast RLS algorithms with only O(p) operations per iteration, as opposed to O(p 2 ) in case of the classical implementation, which may be applied to this problem. Furthermore, we estimate the ACF over the whole channel, 1 We model the estimation error as additive white Gaussian noise with zero mean and variance . Channel prediction performance with p = 20, both feedback delay τ and interval is set to 5 ms. The channel coefficients are generated using SCME with 3 km/h or 50 km/h mobility; observation duration is 18'000 ms. In (b), we linearly cross-fade the channels having 3 km/h into channels, where UEs move with 50 km/h, in order to estimate the tracking behavior when channel statistics are changing significantly.
and use (9) to obtain a nearly optimal predictor. This filter will be used to assess the performance of the considered prediction algorithms. Figs. 3(a) , 3(b) and 3(c) depict the tracking performance and the performance of ZF beamforming in a single 2 × 2 MIMO link. Channel prediction parameters are summarized in Tab. I.
VI. SYSTEM LEVEL SIMULATION INCLUDING CHANNEL'S TIME EVOLUTION
In the following section, we discuss the results we obtained from our system level simulations. Since both, channel prediction and CoMP transmission, strongly depend on the channel modeling, we spend much effort in designing an advanced channel and scenario model for heterogeneous systems. While the core-part based on the recommendation from [12] , we 2 . More details on antenna modeling and its impact on cellular system performance evaluation can be found in [14] . (c) Quasi-deterministic channel's time evolution with drifting of multi-path scattering objects. A detailed list of the multi-cell channel is given in Tab. II.
Each UE is assumed to provide CSI and CQI feedback under the assumption of its own dominant eigenmode vector with respect to the cluster M c . Based on the conveyed downlink user CSI, the cluster determines the sum received power per BS antenna array. For each BS, the scheduler groups the users from K c according to their individual highest channel gain, yielding M c different user groups K c,m ⊂ K c . Within the next step, the round-robin 3 scheduler entity selects from each user group K c,m a 3 different users for SDMA service, such that the number of active spatial layers T s from the cluster M c is given by M c (N t − 1) = |T s |. Hence, we reserve one antenna per BS for transmit diversity.
VII. CONCLUSION   Fig. 4 shows the results, obtained from our computer simulations. In particular, Fig. 4 (a) depicts the median RMSE at different time instances, i.e. after certain settling times of the prediction filter. The error starts at a relatively low value, then starts rising since the RLS, at this stage, covered insufficient channel statistics while the probability for a changing channel is increasing. After a certain settling time, channel statistics gets more sufficient and thus the error starts dropping and converges to a minimum value. Note, for the selected time window of 500 ms, we cannot observe this convergence behavior.
Figs. 4(b) and 4(c) provide performance results for cluster size M c = 1 and M c = 3, respectively. The ideal case depicts the system with perfect, non-delayed channel knowledge, while the other CDFs show the performance with delay and with or without prediction filter: At cluster size M c = 1, we hardly observe any degradation without prediction for 5 ms feedback delay and only small loss when experiencing 10 ms delay. For M c = 3 and 10 ms delay, the degraded system suffers from 8% loss. Note, from Fig.2 , we would expect a stronger degradation, which is attributed to the modeling of the error distribution. As a result, we conclude that the errors from channel outdating may not follow a Gaussian distribution, which was assumed in section IV. When we apply the RLS channel prediction, there is a hardly any loss at 10 ms delay and 3 km/h for both cluster sizes. Overall simulation results taking precise channel evolution into account and specific channel feedback interval.
